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Legged robots are suitables for unstructured terrains.

But software is limitating performances.

Current method : train robot for each specific task. 

→ unefficient and redundant
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Expert Skill Training

Distillation

RL Fine -tuning
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Train specific skills

Merge the skills

Improve performance



Expert Skill Training

walking jumping walking on stepping stones

climbing crouching crossing narrow beams

climbing down jumping over low walls climbing piles of boulders

Train specific skills  independently using RL

LEARN 9  SKILLS
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1. Recognizing  the terrain type.

2. Selecting  the correct motion from its 

internal “expert dictionary”.

CAPABLE OF: 

Merge the learned skills in one model.

Distillation
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Improve the Performance  and
Generalization to unseen terrains.  

After distillation, the student policy is able to imitate all expert 
behaviors but with lower accuracy and limited generalization 

capability.

RL Fine -tuning
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[1]

Expert Training Distillation Fine -tuning

07Main structure



(CNN) Convolutional Neural Network
(LSTM) Long Short -Term Memory

(MLP) Multi -Layer Perceptron

Distillation 08



Train  section.

This part will be the 

supervised learning , 

using the experts.
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• maximum performance  and robustness  of 

the foundation policy

• conservative tuning of hyper-parameters

• efficient pre -training  of the critic network

Fine -tuning
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• (13.09.2025) RSL -RL: A Learning Library for Robotics Research [3]

• (27.08.2025) HERMES: Human -to-Robot Embodied Learning from 

Multi-Source Motion Data for Mobile Dexterous Manipulation [4]

• (12.08.2025) Large Scale Robotic Material Handling: Learning, Planning, 

and Control [5]. 

• (04.08.2025) Learning Autonomous and Safe Quadruped Traversal of 

Complex Terrains Using Multi -Layer Elevation Maps [6].

• Three additional citations [7, 8 and 9]
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• an average of 10.4% drop in 

success rate  of distilled policy 

without fine-tuning

• LSTM  has only short term memory 

and robots “forgets” obstacles

• distilled policy tends to use 

knees  more than expert skills as a 

safer approach

Cons

• distilled policy extracts non -trivial 

knowledge  from the experts

• after fine-tuning, success rate is 

3.1% higher  than corresponding 

expert

• better than a hierarchical setup  

on complex, unstructured terrain

Pros
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Robot ANYmal  D (quadruped)

Control End -to-end torque* control

Design Method
Reinforcement Learning  +  Distillation (DAgger)  +  RL  

fine-tuning.

Gaits / Skills

9 expert skills: walk, climb up, climb down, jump, 

crouch, low-wall jump, narrow beams, stepping -stones,  

piles of boulder → 1 single  policy

Sensors
Proprioception  +  4 Intel RealSense  D435 i depth 

cameras
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*torque is not mentioned explicitly 



Autonomous locomotion 

requires one policy  to 

tackle every obstacle . 

Different scenarios all using the same policy
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